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Although a number of studies have highlighted the importance of
offline processes for memory, how these mechanisms influence
future learning remains unknown. Participants with established
memories for a set of initial face–object associations were scanned
during passive rest and during encoding of new related and un-
related pairs of objects. Spontaneous reactivation of established
memories and enhanced hippocampal–neocortical functional con-
nectivity during rest was related to better subsequent learning,
specifically of related content. Moreover, the degree of functional
coupling during rest was predictive of neural engagement during
the new learning experience itself. These results suggest that
through rest-phase reactivation and hippocampal–neocortical
interactions, existing memories may come to facilitate encoding
during subsequent related episodes.
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Numerous empirical studies (1–4) and theoretical accounts
(5, 6) highlight the importance of offline processes—such as

reinstatement of recent experience and enhanced interregional
communication—for episodic memory. It has been proposed
that through hippocampal (HPC)–neocortical interactions (6, 7),
memories are reactivated during periods of sleep and awake rest.
Such reactivation (or “replay”) is thought to support the strength-
ening and transfer of memory traces from the HPC to neocortical
regions for long-term storage, a process termed “consolidation.”
The functional significance of reactivation of recent experience for
memory has been demonstrated during awake rest using neuro-
physiological techniques in rodents (2) and, more recently, in
humans using pattern information analysis of functional magnetic
resonance imaging (fMRI) data (1, 3). For instance, more delay
period reactivation has been observed for stimuli that were re-
membered, relative to those that were forgotten in a subsequent test
(3). Moreover, studies have shown that the degree of HPC–
neocortical functional coupling during rest periods following
learning relates to later memory for the learned content (4).
This existing body of work demonstrates that rest-phase neural

signatures relate to memory for prior experiences. However, one
important quality of memory is that it is inherently prospective
(8); that is, memories are formed for maximal utility in future
situations. Whereas research shows that rest-phase reactivation
impacts memory for the reactivated content itself (1, 3), how this
mechanism might be prospectively advantageous remains un-
known. In the present study, we turn our attention to this
question: How does spontaneous reactivation of established
memories and enhanced HPC–neocortical connectivity during
rest affect learning during subsequent related episodes?
A number of theories underscore the highly interactive nature

of episodic memories (9, 10). One prominent view, “interference
theory,” highlights that existing knowledge may impair learning of
related content. A host of studies confirm this intuition; that is,
people often have worse memory for information that is related to
their existing memories relative to unrelated information, a phe-
nomenon termed “proactive interference” (11–13). However, this
impairment is not universally observed, even in the classic literature;
on the contrary, prior knowledge can also be beneficial to new
learning under some circumstances (14). For example, one study

showed a memory advantage for new responses paired with well-
learned old stimuli (i.e., stimuli previously learned with a different
response), a phenomenon known as “associative facilitation” (11).
Such facilitation may also extend to novel judgments that require the
simultaneous consideration of multiple memories (e.g., inferences).
Whereas these data and others (15) suggest that strong prior

knowledge may facilitate new learning, the neural mechanisms
supporting such associative facilitation are not well understood.
One possible explanation stems from a perspective known as “in-
tegrative encoding,” which describes how new memories are cre-
ated in relation to existing knowledge (16, 17). Mechanistically, it
has been proposed that when newly encountered content overlaps
with one’s stored memory representations, the neural patterns as-
sociated with that preexisting knowledge may be reactivated in the
brain during new learning (18–20). New episodes may then be
encoded in the context of these internally generated representa-
tions, connecting these related memories. A recent fMRI study
suggests that reactivation of existing knowledge during encoding of
new, overlapping events may strengthen preexisting memory traces,
making the prior knowledge itself less susceptible to interference
(18). Reactivation during learning has also been shown to support
novel judgments that span experiences (20), consistent with the
notion that this mechanism enables the linking of related memo-
ries. However, the potential impact of encoding-phase reactivation
on the new learning itself has not been addressed. That is, although
reactivation has been shown to strengthen both established mem-
ories and the connections among discrete experiences, it is as yet
undetermined whether this process also facilitates memory for-
mation for the new, related events through integration.
We propose that the degree to which memory processes are

engaged during offline periods influences whether prior knowledge
interferes with or facilitates new encoding. Importantly, interference
theory and integrative encoding make opposing predictions for
the impact of rest-phase processes on subsequent learning of
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How our brains capture and store new information is heavily
influenced by what we already know. While prior work dem-
onstrates that existing memories are spontaneously reactivated
and strengthened in the brain during passive rest periods, the
prospective benefits of spontaneous offline reactivation for fu-
ture learning remain unknown. Here, we use functional MRI to
interrogate how reactivation and interregional coupling support
the ability to learn related content in later situations. We find
that offline processing of prior memories is associated with
better subsequent learning. Our results provide a mechanistic
account of the circumstances under which prior knowledge can
come to facilitate—as opposed to interfere with—new learning,
serving as a strong foundation upon which new content is
encoded.
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related events. Both perspectives might predict that memories are
strengthened during offline periods; and that stronger memories are
more likely to be reactivated during learning of new, related events.
However, these perspectives diverge in their predictions for the
consequences of that reactivation on new learning. Although in-
terference theory would suggest that rest-phase strengthening of the
initially acquired information might lead to more “competition” and
thus worse memory for new, related content (21), integrative
encoding predicts the opposite. Because stronger memories are
more readily reinstated, they are also more likely to be “updated”
with new information during subsequent experiences. For this
reason, more engagement of rest-phase memory processing
might facilitate both the later encoding of related events and
novel judgments that span episodes. We sought to adjudicate
between these perspectives by investigating the impact of offline
reactivation and functional coupling on subsequent encoding of
distinct but related experiences.
We used a classic interference paradigm (11, 13) in which

adult human participants with prior knowledge encoded new,
overlapping pairs. We first trained participants (n = 35) on a set
of face–object associations (hereafter AB pairs, where “AB”
denotes a studied Aface–Bobject association) across four study–test
repetitions (Fig. 1A, Experimental Procedures, and SI Methods
and Results, Memory Task). We then collected fMRI data while
participants engaged in passive rest and encoding of both new
overlapping (BC) object–object pairs and nonoverlapping (i.e.,
unrelated; XY) object–object pairs in a single exposure. Impor-
tantly, the order of BC and XY learning was counterbalanced
across participants. After scanning, participants completed a cued
recall test for studied associations (BC and XY) and a surprise
test of inferential (AC) relationships. The AC inference test re-
quired participants to recall the Aface item that was indirectly

related to the Cobject cue through their common association with
Bobject, indexing each individual’s ability to combine remembered
associations across episodes. This paradigm enables investigation
of the neural mechanisms that modulate how existing memories
(AB) impact future learning (BC) and inference (AC), thus im-
proving our fundamental understanding of the interactive nature
of real-world memory.

Results
Behavioral Performance. As intended, AB pairs were well learned
by the fourth test block (mean ± SEM: 97.3 ± 0.9% correct recall;
Fig. 1B). We define proactive interference as performance on
overlapping BC relative to nonoverlapping XY pairs (i.e., XY − BC
accuracy), with higher values indicating more interference
of AB pair knowledge on new BC encoding. Importantly, BC
(11.7–86.7%, 41.5 ± 3.3% correct) and XY (10–78.3%, 42.4 ±
3.4% correct) were matched in terms of both content type and
number of presentations, allowing us to directly compare per-
formance in these two conditions. Interestingly, we observed
neither proactive interference nor facilitation across the group
(XY vs. BC performance: t34 = 0.40, P = 0.693; Fig. 1C); rather,
we found that the degree of proactive interference was highly
variable across individuals (Fig. S1A). This variability enabled
us to investigate how rest-phase processes following initial AB
learning modulate encoding of overlapping BC relative to con-
trol XY pairs. We also found that performance on AC inferences
(6.7–83.3%; 41 ± 3.5% correct)—which notably, require re-
trieval of the initially learned Aface item—paralleled BC mem-
ory, further demonstrating the strong nature of the AB memories
at the end of the experiment (SI Methods and Results, Analysis of
Behavioral Data). We also investigated how the strength of the
initially acquired AB pairs impacted later BC learning and AC
inference. We found that both within (Fig. S1B) and across
individuals, superior AB memory was associated with better
performance on overlapping BC pairs and AC inference judg-
ments (SI Methods and Results, Analysis of Behavioral Data).

Face Reactivation During Rest. We examined the impact of neural
engagement during the post-AB rest period on encoding of re-
lated BC information and AC inferences. Here, we focus on
reactivation of face information in face-sensitive regions of visual
cortex (e.g., fusiform face area, FFA). To measure spontaneous
reactivation during the rest period, we trained a pattern classifier
to distinguish between different types of visual content on the
basis of activation patterns in each participant’s functionally
defined FFA. Importantly, the classifier was trained on in-
dependent visual localizer data. The trained classifier was then
applied to each volume of the post-AB rest period (Fig. 2, Upper;
Experimental Procedures; and SI Methods and Results, Reac-
tivation: Pattern Classification Analysis).
We first examined the relationship between reactivation and

performance over time using a 60-volume (2 min) window swept
across the rest scan. For each window, we calculated a reac-
tivation index (defined as the mean classifier evidence for faces)
for each participant. We then related this reactivation index to
BC learning and AC inference using two approaches. As our
primary approach, we quantified the degree of facilitation for BC
encoding and AC inference by performing across-participant
partial correlations. [We used partial correlation to index the
degree to which prior memories facilitate versus interfere with
the acquisition of new, related knowledge. Because general as-
sociative memory ability (i.e., XY performance) was highly re-
lated to both BC memory and AC inference across participants,
we needed to statistically control for these differences to answer
our central question—how prior knowledge specifically impacts
overlapping encoding, relative to one’s general associative
encoding ability. Mathematically, this is accomplished by per-
forming a correlation on the residuals after regressing both
reactivation and BC or AC performance on the controlling
variable, XY performance. This analysis approach mirrors other
studies that control for various factors such as age (22, 23), sex

????HARP BRAD PITTHARP

A

Block number

A
B

 c
ue

d 
re

ca
ll 

pe
rfo

rm
an

ce

AB study (x4)

3.5s stim,  0.5s ITI

AB cued recall test (x4)

Self-paced 1s feedback

BRAD PITTHARP

B

Delay 

AB pre-training

Post-encoding 
rests

BC study

3.5s stim,  8.5s ITI

BC study (x1) XY study (x1)

C

XY BC AC
0

0.2

0.4

0.6

0.8

Test trial type

C
ue

d 
re

ca
ll 

pe
rfo

rm
an

ce

1 2 3 4
0

0.2

0.4

0.6

0.8

1

HARPCANDLE BELLCLIPBOARD

XY study

Cued recall 
tests

BC/XY ACAB BC XY

3.5s stim,  8.5s ITI

fMRI scanning

Fig. 1. Experimental procedure and performance. (A) Participants encoded
AB pairs in four alternating study–test repetitions during the pretraining
phase (blue). Participants then studied new overlapping (BC; orange) and
nonoverlapping (XY; green) pairs during fMRI scanning. BC and XY study
blocks were interleaved with rest scans (yellow); the encoding order of BC vs.
XY was counterbalanced across participants. After scanning, memory for BC
and XY pairs (intermixed; orange/green) and AC inferences (pink) was tested
using cued recall. (B) AB memory performance as proportion correct on each
test block. Line represents the group mean; points show individual partic-
ipants. (C) Performance for nonoverlapping XY pairs (green), overlapping BC
pairs (orange), and AC inferences (pink). Bar heights represent group means;
points show individual participants. See also Fig. S1.
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(23), general cognitive ability (20, 24), or neural measures (25,
26).] Specifically, we interrogated the relationships between (i)
reactivation and BC memory performance and (ii) reactivation
and AC inference performance, after statistically controlling
for the effects of XY performance (our metric of general as-
sociative memory ability). This analysis was performed to in-
dex the unique relationship between memory reactivation and
later encoding of related information. As a secondary ap-
proach, we also investigated the individual relationships be-
tween reactivation and performance on related BC pairs, AC
inferences, and unrelated XY pairs using Pearson’s correla-
tion (SI Methods and Results, Reactivation: Pattern Classification
Analysis). However, we note that due to the high correlation
between XY pair memory and performance on both BC pairs
(r33 = 0.80, P < 1 × 10−8) and AC inferences (r33 = 0.81, P < 1 ×
10−8), these relationships are heavily influenced by general
associative memory and thus do not specifically reflect the
impact of prior knowledge on subsequent encoding of related
information.
We found a significant relationship between face reactivation

and BC performance controlling for XY that was unique to the
beginning of the rest period (partial correlation during first
2-min window; r32 = 0.44, P = 0.010; Fig. 2, Lower Left and Fig.
S2, Upper Left) and that was not observed for other classes of
visual content (Fig. S2, Upper Right). Reactivation during the
first 2-min window also tracked AC performance after control-
ling for XY memory (r32 = 0.40, P = 0.019; Fig. 2, Lower Right).
That is, participants who showed more face reactivation follow-
ing initial AB learning also showed superior memory for related
BC associations and AC inferences after controlling for general
associative memory ability. This finding can also be conceptualized
as a negative association between face reactivation and proactive
interference, i.e., less reactivation was observed for participants
who showed more proactive interference. Importantly, neither the
degree of reactivation nor its relationship to performance was
significantly impacted by differences in lag duration or encoding
order across participants (SI Methods and Results, Delay and
Encoding Order Analyses). Moreover, the relationship between

reactivation and performance was specific to the post-AB rest
scan. Reactivation during the post-XY rest period did not relate to
XY performance or to BC or AC performance after controlling
for general associative memory (SI Methods and Results, Reac-
tivation: Pattern Classification Analysis).
Next, we repeated the same analysis using an expanded region

of interest (ROI) encompassing the entire posterior fusiform
gyrus to further validate our findings. We found significant
relationships between reactivation in posterior fusiform and
BC performance (r32 = 0.38, P = 0.028) as well as AC in-
ference (r32 = 0.37, P = 0.032) when controlling for general
associative memory. Moreover, we observed significant in-
dividual correlations of BC performance and AC inference
with reactivation that were not observed in the smaller FFA
ROI (SI Methods and Results, Reactivation: Pattern Classifi-
cation Analysis; Fig. S3). Importantly, reactivation during the
post-AB scan was not related to XY performance for either
ROI (SI Methods and Results, Reactivation: Pattern Classifi-
cation Analysis; Fig. S3).
We also performed a control analysis to determine whether our

findings could be attributed to individual differences in baseline
levels of face reactivation. Because the post-XY encoding rest scan
was the most removed from face-related encoding, we reasoned
that this scan should be the least likely to contain face-related
neural signatures that would support memory. Thus, we subtracted
each participant’s post-XY encoding reactivation index from their
post-AB reactivation index (4). The resulting difference scores
reflecting the degree to which post-AB reactivation deviated from
baseline (as indexed by the post-XY scan) were then related to
performance as described above. For both FFA and posterior fu-
siform gyrus, we observed significant relationships between post-
AB reactivation with BC and AC performance controlling for
general associative memory using partial correlation. Moreover, in
the posterior fusiform gyrus ROI, individual relationships between
reactivation and performance were significant for BC and AC,
but not XY (SI Methods and Results, Reactivation: Pattern
Classification Analysis).

FFA Functional Connectivity During Rest. Next, we sought to de-
termine how FFA connectivity with medial temporal lobe (MTL)
regions predicted subsequent learning of object–object pairs. We
used two approaches: first, a timeseries correlation approach
within anatomically and functionally defined ROIs; and second,
a voxelwise regression approach using FFA as a seed region.
Both analyses were performed with consideration of the entire
rest scan, as prior reports have shown the importance of
sufficiently long timeseries for extracting stable measures of
functional connectivity (27).
Timeseries correlation approach. Our ROIs included functionally
defined FFA and anatomically defined HPC, perirhinal, ento-
rhinal, and parahippocampal cortices (all bilateral). We extracted
the first eigenvariate across all voxels in each ROI from the high-
pass filtered post-AB rest data. We then correlated the FFA
timeseries with the timeseries from each of the four MTL ROIs
(Fig. 3A, Upper and SI Methods and Results, Timeseries correlation
analysis). As in the rest-phase reactivation analysis, functional
coupling during post-AB rest was significantly related to BC
performance after controlling for XY performance (r32 = 0.37,
P = 0.033; Fig. 3A, Lower Left). A similar relationship was ob-
served with AC performance (r32 = 0.34, P = 0.049; Fig. 3A,
Lower Right). That is, participants showing enhanced FFA–HPC
functional coupling following AB encoding also showed an ad-
vantage specific to learning of the overlapping BC associations
and inferring the AC relationships. Connectivity between FFA
and all other MTL regions showed no significant relationship to
BC or AC performance after controlling for XY (all jr32j < 0.18,
P > 0.312; see also SI Methods and Results, Timeseries correlation
analysis for individual correlations with performance). Moreover,
neither the degree of connectivity itself nor its relationship to
performance was modulated by lag duration or encoding order
(SI Methods and Results, Delay and Encoding Order Analyses).
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Fig. 2. Reactivation following initial learning predicts subsequent encod-
ing of related content. (Upper) Depiction of rest-phase pattern classifica-
tion analysis. A pattern classifier was trained to discriminate FFA (purple)
activation patterns associated with faces, objects, scrambled objects, and
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each time point of the rest data (grayscale matrices). (Lower) Relationship
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Importantly, the relationship between connectivity and perfor-
mance was also specific to the post-AB rest; there was no
correlation between FFA–HPC connectivity during the post-
XY rest period and XY performance or with BC or AC
performance controlling for XY performance (SI Methods
and Results, Timeseries correlation analysis). When various
nuisance sources (signal from white matter and ventricular
ROIs and motion-related regressors) were regressed out from
the post-AB rest data, the pattern of results was similar but
slightly weaker (SI Methods and Results, Timeseries correlation
analysis).
As with the reactivation results, we performed a control analysis

to account for individual differences in baseline connectivity by
subtracting the degree of post-XY FFA–HPC connectivity from
each participant’s post-AB connectivity measure of interest. We
found that our results held, with significant correlations between
connectivity and BC learning (as measured by both individual and
partial correlations), as well as AC inference. There was no
relationship between FFA–HPC connectivity during post-AB
rest and XY performance (SI Methods and Results, Timeseries
correlation analysis).

Seed-based approach. We also used a more sensitive seed-based
regression approach to identify specific MTL voxels for which
connectivity with FFA tracked subsequent BC performance. We
regressed each participant’s MTL data on their FFA timeseries
from the post-AB encoding rest scan, resulting in a statistics image
representing the degree of correspondence between each MTL
voxel and FFA activation over time. These results were combined
across participants in a group level general linear model (SI
Methods and Results, Seed-based analysis). We found two regions
for which FFA connectivity tracked more with BC than XY per-
formance: one in left [Montreal Neurological Institute (MNI)
template coordinates (in millimeters) x, y, z = −16, −30, −19] and
one in right (14, −33, −11) HPC, extending into parahippocampal
cortex (PHC) (Fig. 3B and Fig. S4). An overlapping cluster (−18,
−29, −13) in the left hemisphere was found to predict BC per-
formance (Fig. S5).

Multiple Regression. To investigate the degree to which reac-
tivation and connectivity independently explained variance in
subsequent learning, we next performed two multiple linear re-
gression analyses with indices of reactivation, connectivity, and
XY performance as independent variables and BC and AC
performance, respectively, as the dependent variables. The BC
model fit was significant (F3,31 = 38.90, P < 0.0001), accounting for
77.0% of the variance in BC performance (adjusted R2). More-
over, all three independent variables showed a significant positive
relationship to BC performance (reactivation: β = 0.33, P =
0.0004; connectivity: β = 0.30, P = 0.001; XY performance: β =
0.87, P < 0.0001; all statistics reflect standardized β), demon-
strating the unique contributions of rest-phase reactivation and
FFA–HPC connectivity to subsequent learning of related experi-
ences. Similar results were found in the regression model
predicting AC performance (F3,31 = 36.67, P < 0.0001; adjusted
R2 = 0.759; reactivation: β = 0.30, P = 0.002; connectivity: β = 0.27,
P = 0.004; XY performance: β = 0.87, P < 0.0001).

Univariate Encoding Activation. We next investigated neural en-
gagement during encoding of new object–object associations. We
were specifically interested in regions demonstrating a sub-
sequent memory effect for BC (i.e., more engagement during
study of BC pairs that were subsequently remembered vs. for-
gotten) but not XY pairs. As the above results showed that
certain rest-phase processes can facilitate BC encoding, we hy-
pothesized that (i) face-sensitive regions of visual cortex would
be engaged during BC trials, indicative of reinstatement of
previously learned Aface stimuli and that (ii) such engagement
would support encoding of the new BC object–object pairs. A
whole-brain analysis confirmed our predictions, revealing a sig-
nificant subsequent recall by condition interaction (correct >
incorrect × BC > XY) in left fusiform gyrus (−20, −75, −15;
Fig. 4A and Fig. S6).

Relationship Between Univariate Encoding Activation and Neural
Measures at Rest. We then considered how individual differ-
ences in rest-phase reactivation and FFA–HPC connectivity re-
lated to neural engagement during subsequent learning. We
created two general linear models at the group level that in-
cluded each participant’s FFA reactivation and FFA–HPC con-
nectivity indices, respectively, as covariates. We hypothesized
that greater reactivation and connectivity during rest would
be associated with more reactivation of Aface stimuli during
encoding. No region showed a significant relationship between
the interaction term and FFA reactivation. We did, however,
find activation in medial parietal and occipital cortex (centered
on −5, −39, 22), including fusiform gyrus, for which the in-
teraction term tracked positively with the degree of FFA–HPC
connectivity following AB encoding (Fig. 4B).

Discussion
We used a combination of methods—multivariate pattern clas-
sification, functional connectivity approaches, and task-based
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Fig. 3. FFA–HPC connectivity following initial learning predicts subsequent
encoding of related content. (A, Upper) depiction of timeseries correlation
analysis. For each participant, FFA (purple) and HPC (red) timecourses from
the post-AB rest scan were correlated to quantify the degree to which FFA
and HPC exhibit similar activations over time (Upper Right). (Lower) Re-
lationship between FFA–HPC connectivity and BC (Left) and AC (Right) per-
formance, controlling for XY performance. Data are displayed as in Fig. 2.
(B) HPC showed connectivity with FFA during rest that was significantly more
predictive of BC than XY performance (displayed on the 1-mm MNI template
brain). Color bar indicates uncorrected voxelwise P value. Coordinates are in
millimeters. See also Figs. S4 and S5.
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univariate analyses—to provide empirical evidence that offline
neural processes may mediate the relationship between prior
knowledge and new encoding. Our findings converge to suggest
that rest-phase reactivation may benefit future learning by pro-
moting subsequent integration during encoding. Interestingly,
this benefit was observed even despite a long delay of approxi-
mately 1 h between overlapping event encoding and test.
Moreover, we suggest that the rest-phase reactivation observed
in the present study occurred spontaneously. As participants
were unaware of the overlap between the pretraining phase (AB
learning) and the scanned portion of the experiment (BC and
XY learning) at the time of post-AB rest (SI Methods and
Results, Memory Task), it is unlikely that our results reflect in-
tentional rehearsal of AB associations during that period.
Whereas the benefits conferred by offline processes on prior

memories have been shown previously, the present work is, to our
knowledge, the first to demonstrate how such benefits might also
be prospectively advantageous. That is, rest-phase reactivation and
connectivity serve to make our memories better suited for new
learning in future situations, providing a foundational knowledge
base upon which new experiences can be encoded. Importantly,
because our classifier was trained on data from an independent
localizer task consisting of a different stimulus set and task, our
results suggest that reinstatement of episodic content (i.e., face
information from learned AB face–object pairs)—rather than re-
instatement of a learning-related state or context—supports the
formation of memories for related information.
However, we note that like the vast majority of studies on this

topic, our data do not provide evidence for processing of specific
AB memories during the post-AB rest period. Thus, one possible
alternative explanation of our findings is that participants reac-
tivated task-irrelevant face information, and that doing so sup-
ported their later ability to encode BC content, as AB memories
became less likely to interfere with new learning. However, we
feel this possibility is unlikely given our results. For example,
we found that greater reactivation and connectivity were asso-
ciated with superior AC inference performance, which requires

retrieval of the Aface learned during pretraining. Moreover, both
BC memory and AC inference were better for the AB pair
memories acquired earlier in the pretraining phase, suggesting
that strong AB knowledge promotes BC encoding. Thus, we
suggest that the most likely interpretation of the data presented
here is that AB memories were spontaneously reinstated during
the post-AB rest period. Through this process, they became
stronger or more readily accessible (1–3) and therefore easier to
reactivate and integrate during BC study.
We would also note that associative facilitation was not ob-

served across the entire group of participants; rather, we ob-
served large individual differences in the degree to which
participants showed facilitation vs. interference. In fact, ap-
proximately half of our participants did not show evidence of
facilitation at all, but rather showed interference (Fig. S1A).
Thus, we would not conclude that proactive interference does
not occur, but rather that there exists a tradeoff between in-
terference and facilitation; and that this tradeoff may be medi-
ated by offline processes. In other words, participants with a
greater degree of post-AB reactivation and connectivity may
show associative facilitation through an integrative encoding
mechanism, whereas participants showing a lesser degree may
tend to exhibit interference.
More broadly, we suggest that one factor that may determine

whether prior knowledge facilitates or interferes with the acqui-
sition of new information is the strength of the initial memory,
with strong prior knowledge being predominantly facilitative. This
may occur not only during overt encoding or rehearsal, but also
spontaneously during periods of passive rest. Notably, prior work
suggests that low to moderate levels of memory reactivation may
weaken traces, whereas high reactivation serves to strengthen
memories (28). In the present study, lesser offline reactivation
may thus be associated with weaker AB memories. Such weak
traces may fail to be reactivated at all or may be weakly reactivated
during learning, perhaps being forgotten when integration fails
(29) or interfering with new encoding. In contrast, greater reac-
tivation during rest strengthens AB memories, which can then
later support BC learning through learning-phase retrieval and
integration. Future work may characterize differences in item-
level reactivation within participants to address how strengthening
of individual memories impacts the balance between facilitation
and interference.
One interesting aspect of our data is that the observed rela-

tionships between reactivation and both BC learning and AC in-
ference were specific to early in the post-AB rest scan. Importantly,
this finding cannot be explained by differences in the amount of
time between the encoding and rest scan across participants; delay
duration did not predict the degree of face reactivation. Thus,
interpreted in the context of the converging rest- and task-based
neural measures provided here, we believe this reactivation mea-
sure serves as a valid index of neural processes that mediate the
interactions between prior memories, new learning, and subsequent
inference. Whereas a mechanistic explanation for the temporal
dependence of this signature is unclear, we believe our measure of
reactivation provides additional insight into how processing of prior
memories during offline periods shape later learning experiences.
Our results converge across multiple measures to demonstrate

the important relationship between postencoding reactivation,
functional connectivity, and episodic memory, consistent with
a host of findings from rodent (2) and human (1, 3, 4) studies. In
addition, our data provide previously unidentified evidence that the
mnemonic advantage conferred by offline processes extends be-
yond the initial memories themselves to influence the subsequent
encoding of related content. Our data suggest a specific mechanism
through which offline reactivation and HPC–neocortical connec-
tivity leads to the strengthening of memory traces, thereby sup-
porting later learning of related content via integrative encoding
(9). Consistent with this interpretation, we found greater engage-
ment of face-sensitive regions (i.e., fusiform gyrus) during encoding
of object–object pairs that related to prior face knowledge as
a function of FFA–HPC connectivity at rest. This extends prior
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Fig. 4. Regions showing a significant subsequent recall by condition in-
teraction during encoding. (A) Left fusiform gyrus was the only region to
show greater subsequent recall effects for BC relative to XY pairs. (B) The
interaction term was significantly modulated by the degree of FFA–HPC
connectivity during the post-AB rest scan in portions of medial parietal and
occipital cortex, including the fusiform gyrus and posterior cingulate cortex.
Color bar indicates z score. Coordinates are in millimeters. See also Fig. S6.
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work demonstrating the benefits of learning-phase reactivation
for the reactivated memories themselves (18) and for linking
experiences across time (20). We suggest that memory strength-
ening during rest facilitates retrieval of related content during
subsequent learning experiences, thereby supporting new encoding
by enabling linking of related memories (17).

Experimental Procedures
Subjects and Procedures. Forty-eight volunteers participated in this study;
a total of 13 participants were excluded due to hardware malfunction (n = 5),
handedness concerns (n = 1), and low memory performance for the directly
learned associations (n = 7). Data from the remaining 35 participants were
analyzed. Participants first learned a set of face–object associations (AB
pairs) outside of the scanner. These pairs were encoded across four alter-
nating study and test blocks, ensuring participants had extensive experience
with these pairs. Tests were cued recall format and included feedback.
Participants were then transferred to the scanner and fMRI data were ac-
quired during an initial (post-AB encoding) rest period. They were told to
remain awake and keep their eyes open but to think about whatever they
like. We then presented participants with overlapping (BC) and non-
overlapping (XY) object–object pairs in separate scans. Each pair type was
followed by a postencoding rest scan, and the order of BC vs. XY was
counterbalanced across participants. After the final rest scan, participants
were removed from the scanner and completed a cued recall test for the
associations studied in the scanner (BC and XY) and a surprise test of in-
ferential (AC) relationships. For the AC test, participants were shown the
Cobject and were asked to produce the indirectly associated Aface. No feed-
back was provided for either test. Following the memory task, participants
were transferred back into the scanner to complete a one-back functional
localizer task comprising faces, objects, scrambled objects, and fixation
baseline. These data were used to obtain neural patterns associated with
viewing different types of visual stimuli, which were then used to define
face-sensitive ROIs and for training the neural pattern classifier (see below).
Full procedures and MRI data acquisition and processing details are
described in SI Methods and Results.

Pattern Classification Analysis. Multivoxel pattern analysis (MVPA) (30, 31)
was performed using sparse multinomial logistic regression (SMLR) imple-
mented in PyMVPA (32). For each participant, a classifier was trained to
differentiate viewing of face, object, scrambled object, and passive fixation
stimuli on the basis of activation patterns in face-sensitive regions (i.e., FFA
and posterior fusiform gyrus). The trained classifier was then applied to each
volume of the post-AB encoding rest scan. Face reactivation indices were
defined as the mean classifier face evidence over time and related to per-
formance across participants using partial correlation and Pearson’s corre-
lation. For more details, see SI Methods and Results, Reactivation: Pattern
Classification Analysis.

Functional Connectivity Analysis. MTL functional connectivity with FFA was
assessed using both timeseries correlation and voxelwise regression. The first
eigenvariate of the post-AB rest signal over time was extracted from bi-
lateral HPC, perirhinal, entorhinal, and parahippocampal cortices; and bi-
lateral FFA.MTL timeseries were then correlatedwith the FFA timeseries; the
resulting correlation statistics were Fisher transformed and related to per-
formance using partial correlation and correlation. For the voxelwise re-
gression approach, we constructed general linear models that included the
timeseries from the FFA seed as a regressor for each participant. The
resulting statistics images were warped to theMNI template using ANTS (33)
and combined across the group. We were interested specifically in those
voxels whose connectivity with FFA tracked with BC performance more
than XY performance; thus, BC and XY performance were added to the
group level model as covariates. For full details, see SI Methods and Results,
Functional Connectivity.
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